###### Key questions

What is already known?
======================

-   A range of individual-level characteristics, such as age, marital status, birth order, rural-urban residence, wealth and education are associated with facility delivery.

-   The average and independent negative effect of distance and quality of care barriers on facility delivery is high.

What are the new findings?
==========================

-   Multidimensional health system environments, incorporating both geographic and social dimensions, can accurately distinguish between population groups with high versus low probabilities of maternal healthcare access.

-   Geographic dimensions of the health system environment predict access to facility delivery more accurately than dimensions linked to social discrimination.

What do the new findings imply?
===============================

-   This study's approach is uniquely placed to identify microenvironments where resources could be disproportionately invested under a progressive universalism approach.

-   Focusing on discriminatory accuracy serves to identify specific dimensions of the health system environment that should be prioritised by policies aiming to reduce healthcare inequalities.

-   Future studies of healthcare access inequalities would benefit from including comprehensive, theoretically informed models of the health system environment in their analysis.

Introduction {#s1}
============

Skilled, high-quality birth attendance is crucial to preventing maternal and neonatal mortality.[@R1] However, inequalities in access to skilled birth attendance and facility delivery in low-income and middle-income countries (LMICs) remain larger than inequalities in other primary healthcare areas.[@R2] Designing effective interventions to reduce inequalities in maternal healthcare access in LMICs is not straightforward. A review of interventions to reduce maternal and child health inequalities in LMICs found great variation: interventions can increase, decrease or fail to impact health inequalities.[@R3]

Better information on the determinants of maternal healthcare inequalities could help policy-makers in LMICs reduce inequalities more effectively. Many existing quantitative studies describe which types of women are less likely to access a health facility delivery according to individual characteristics such as age, wealth, education, rural-urban residence or parity, without investigating how health system environments might be shaping these disparities. These are typically data-driven analyses that rely solely on widely available household surveys (eg, Multiple Indicator Cluster Survey and Demographic Health Survey (DHS)), which measure individual characteristics but not contextual variables.[@R4] Because such an approach erases health system characteristics as potential variables, it can implicitly 'blame the victim' while absolving the state from reforming health services and financing.[@R7] This is particularly the case when authors fail to interpret individuals' demographic characteristics as social determinants of health rooted in broader patterns of power and injustice.[@R9]

Merlo *et al*, in a recent article on geographic health inequalities, state that we should 'start searching for better geographical definitions of the context that influence the (health) outcome of interest or to even combine geographical and social information to better define contexts'.[@R10] The latter is precisely the context that this study attempts to capture with the concept of 'health system environments': the geographically and socially mediated accessibility of a local health system for the health users that surround it. The accessibility of a given health system environment should vary within a population depending on the geographic distribution of health services (facilities, staffing, levels of care) relative to the population, and depending on how inclusion and exclusion are socially patterned. For example, a given neighbourhood may be geographically close to a hospital providing high-quality care, but poor women within that neighbourhood may be discouraged from accessing care by discriminatory practices at their local facility.[@R11]

Linking individual-level data to health facility lists through Geographic Information Systems (GIS) enables better measurement of health system environments (eg, compared with self-reported access barrier variables in the DHS), with wide geographic reach.[@R12] While the use of GIS in maternal and newborn health studies is rapidly growing,[@R13] most studies only focus on one or two aspects of the health system environment, such as distance to care and/or quality of health services. Only by using theory to define all relevant dimensions of a health system environment and by analysing all dimensions jointly can we understand the overall relevance of the health system context in driving disparities in access, and compare the relative importance of different dimensions.

Importantly, the few studies that do consider multiple elements of the health system environment mainly use multivariable regression analysis, which reports on the average and independent effect of each covariate on facility delivery, controlling for every other covariate in the model.[@R12] Multivariable regression coefficients do not take into account the distribution of facility delivery around the average for those observations where a given covariate equals one, or the overlap in the distributions for observations where the covariate equals one and for observations where the covariate equals zero.[@R10] For example, while distance might be strongly and negatively associated with facility delivery, it might be that many individuals who live far away from the facility still access facility delivery (false negatives), while many of those who live close to the facility do not access (false positives). The average and independent effect of a given covariate is therefore not necessarily informative for identifying populations most in need of support.

This study aims to provide policy-relevant evidence on the structural determinants of maternal healthcare access disparities in Zambia by conducting a multilevel analysis of individual heterogeneity and discriminatory accuracy (MAIHDA). Based on currently available literature, it is the first time that (1) MAIHDA is applied outside of a high-income country context, and (2) the 'context' for health(care) inequalities combines the geographic and social locations of populations and health services, rather than merely neighbourhoods[@R10] or intersectional social identities.[@R16]

Using the MAIHDA approach, this study investigates the extent to which the multidimensional health system environment within which a birth takes place is predictive of facility delivery given individual and community-level heterogeneity within those environments. It asks which dimensions of the health system environment more strongly discriminate between those who will or will not access facility delivery. In doing so, it designates groups facing health system environments that are in particular need of policy-makers' attention if disparities are to be reduced. Each dimension of the health system environment is framed as a barrier to healthcare access in the analysis. Different combinations of these barriers define a range of potential health system environments.

This innovative approach is demonstrated using the case of Zambia. Zambia has lower levels of facility delivery (64.2% in the period 2008--14) than many countries in the Southern African region,[@R17] although comparatively low levels of maternal mortality (224 deaths per 100 000 live births in 2015).[@R18] Inequalities in access to facility delivery have been decreasing since 2002, yet the absolute difference between facility delivery rates for the 20% richest and 20% poorest was still almost 50 percentage points between 2008 and 2013.[@R17]

The Zambian Government has made it a priority to reduce these inequalities: equity of access to healthcare services was part of the mission statement and key principles of the past three National Health Strategic Plans.[@R19] Many of the health system environment dimensions listed in the 'Conceptual framework' section have been documented as barriers to access in the Zambian context, in both qualitative and quantitative studies.[@R12] However, quantitative studies have neither evaluated the health system environment as a whole, nor have they analysed its predictive power relative to individual and community heterogeneity. The approach demonstrated in this paper might prove particularly useful for other LMIC contexts where further progress on healthcare access inequalities is high on the agenda.

Methods {#s2}
=======

Conceptual framework {#s2-1}
--------------------

The dimensions of the health system environment investigated in this study are drawn from established 'relational' theories of healthcare access. Relational approaches conceptualise accessibility as the extent to which the health system is able to meet health users' needs. According to these theories, the seven relevant dimensions of the health system environment are: affordability, cognitive accessibility, psychosocial accessibility, geographic accessibility, availability, perceived quality of care and administrative accessibility.[@R25] [Table 1](#T1){ref-type="table"}, adapted from Choi *et al*,[@R28] provides definitions for these dimensions in the left-most column and demonstrates how they relate to three existing relational theories of healthcare accessibility. Actual quality of care (as opposed to users' perception of quality), is not part of the conceptual framework since this study is purely concerned with accessibility rather than health outcomes.

###### 

Dimensions of the health system environment

  -------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
  Dimensions                                                                                                                                                                                                                                                   Penchansky and Thomas[@R25]                                                      Bertrand *et al* [@R26]   UN right to health[@R27]
  ------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------ -------------------------------------------------------------------------------- ------------------------- -------------------------------------------------------------------------
  **Affordability:** 'The relationship of prices of services to the clients' income, ability to pay and health insurance'[@R25]                                                                                                                                                                                                                 Economic accessibility    Accessibility (economic)

  **Cognitive accessibility:** 'Extent to which potential clients are aware of the locations of service (...) points and of the services available at these locations'[@R26]\                                                                                                                                                                                             Accessibility (informational)
  Also includes the extent to which health education has been successful in explaining the benefits of quality biomedical care                                                                                                                                                                                                                                            

  **Psychosocial accessibility:** 'Extent to which clients are constrained by psychological, attitudinal or social factors in seeking out (...) services'[@R26]\                                                                                               Acceptability (attitudes of users towards providers' personal characteristics)                             Acceptability (culturally appropriate care, respecting confidentiality)
  Eg, disrespect or discrimination from health workers and other patients; unacceptable care in the context of beliefs                                                                                                                                                                                                                                                    

  **Geographic accessibility:** 'The relationship between the location of supply and the location of clients, taking into account client transportation resources and travel time, distance and cost'[@R25]                                                                                                                                                               Accessibility (geographic)

  **Availability:** 'The relationship of the volume and type of existing services to the clients' volume and types of needs'[@R25]                                                                                                                                                                                                                                        

  **Perceived quality of care:** clients' perception of the extent to which they are likely to receive effective care once they access a facility                                                                                                              Acceptability (user attitudes towards providers' professional characteristics)   Quality of care           Quality of care

  **Administrative accessibility:** 'The relationship between the manner in which the supply resources are organised to accept clients and the clients' ability to accommodate to these factors, and the clients' perception of their appropriateness'[@R25]   Accommodation                                                                                              
  -------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

Yellow cells indicate that a theoretical framework includes that particular dimension. The text within the cells is the name given to that dimension by that theoretical framework if it differs from the name in the left-most column. Definitions are referenced where appropriate. Non-referenced definitions were developed by the author.

Data sources {#s2-2}
------------

This study uses a combination of innovative approaches, including: GIS methods to link a population-level dataset to a facility-level dataset ([figure 1](#F1){ref-type="fig"}) and key informant interviews (KIIs) to select variables for analysis. The two main datasets are: the nationally representative 2013--14 DHS and the 2010 Service Availability and Readiness Assessment (SARA), which collected information on all facilities located in 17 of Zambia's districts (out of 72).

![Health facilities and Demographic Health Survey (DHS) clusters in districts surveyed by the Service Availability and Readiness Assessment (SARA), Zambia. Produced by the author using ArcGIS 10.](bmjgh-2019-002139f01){#F1}

The 2013--14 DHS is a cross-sectional population survey on reproductive, maternal and child healthcare access and outcomes, representative at the national and provincial levels. Individual data are de-identified and geo-referenced according to the central location of the sampling cluster, an enumeration area with an average size of 130 households. The DHS randomly displaces the geo-location of these clusters for confidentiality purposes, by 0--2 km for urban clusters and 0--5 km for rural clusters (of which 1% up to 10 km).[@R17] The study sample is at the birth-level. It includes live births where the child's mother resided within one of the 17 SARA districts, that occurred in the 5 years prior to interview (ie, those for whom place of birth information was requested during the interview), and where the sampling cluster had a valid geo-reference. Births to mothers who migrated since the birth were excluded as their residence at the time of the birth could not be obtained. Non-singleton births were excluded since they constitute a medical complication that is often identified prior to the birth, resulting in non-comparable decision-making around access to care. Observations with any missing covariates were deleted. The final sample comprises 253 clusters and 3470 live births (further details on the number of observations eliminated at each stage are provided in the [online supplementary file](#SP1){ref-type="supplementary-material"}).

10.1136/bmjgh-2019-002139.supp1

The 2010 SARA collected information on health facilities' staffing levels, drugs and equipment, from all facilities in 17 out of Zambia's 72 districts, and geo-referenced the health facility's location. Districts were selected evenly, but not randomly, from across Zambia's nine provinces, in order to purposefully include malaria sentinel districts and Global Fund evaluation districts, and to include an even mix of predominantly rural and predominantly urban districts. Because of the non-random selection of districts and the fact that the DHS is not designed to be representative at the district level, this study's sample is not statistically representative at the national level. Facilities which were revealed to be located outside the SARA districts' shapefiles by GIS analysis,[@R29] or without a valid geo-reference, were excluded. A total of 596 health facilities are included in the analysis. SARA was preferred to the Zambia 2012 health facility list, which covers all health facilities in the country, as the latter lacked sufficient information on quality of care and staffing.

Variable selection was informed by 12 KIIs, held in Lusaka in July--August 2017 with respondents from academic, government, international aid and medical backgrounds, selected purposively for their knowledge of healthcare access in Zambia. KIIs focused on the validation of the overall theoretical framework, the selection of the variables from a shortlist provided by the author, additional variable suggestions and discussion of the strengths and weaknesses of potential variables. The respondents were asked to assess potential variables according to their conceptual closeness to a given dimension and to the availability of high-quality secondary data measuring that variable in the Zambian context.

Variables {#s2-3}
---------

While each of dimension of the health system environment is a complex concept, I selected one variable per dimension to avoid an exponential number of combinations and therefore health system environments, which would have caused the estimate of the probability of facility delivery for each type of health system environment to be imprecise. In order to maximise legitimacy, contextual relevance and accuracy of measurement, variable selection was informed by the KIIs described above and a Zambia-focused literature review. One dimension, administrative accessibility, could not be measured in this study, due to the lack of a suitable data source. The variables operationalising each dimension of the health system environment are binary and are conceptualised as access barriers, that is, coded as 1 if the health system environment is not conducive to healthcare access. Descriptive statistics for each variable are provided in [table 2](#T2){ref-type="table"}.

###### 

Descriptive statistics, Zambia DHS (2013--14) and SARA (2010)

  ------------------------------------------------------------------------------------------
                                      Study sample unweighted   Original dataset weighted
  ----------------------------------- ------------------------- ----------------------------
                                      **% of births**           **% of births (DHS)**

  Facility delivery                   73.9                      67.6

  Affordability barrier\              47.7                      47.8
  *Two poorest wealth quintiles*                                

  Cognitive barrier\                  81.5                      74.7
  *Birth order 1+*                                              

  Psychosocial barrier\               25.3                      16.3
  *Birth order 6+*                                              

                                      **% of births**           **% of facilities (SARA)**

  Geographic barrier\                 33.9                      
  *No health facility within 5 km*                              

  *No health facility within 10 km*   21.3                      

  Availability barrier\                                         55.9
  *No midwife*                                                  

  *No midwife within 5 km*            48.9                      

  *No midwife within 10 km*           38.6                      

  Quality of care barrier\                                      95.1
  *Not CEMONC*                                                  

  *No CEMONC within 5 km*             72.4                      

  *No CEMONC within 10 km*            57.9                      
  ------------------------------------------------------------------------------------------

CEMONC, Comprehensive Emergency Obstetric and Neonatal Care; DHS, Demographic Health Survey; SARA, Service Availability and Readiness Assessment.

*Whether a birth occurred in a health facility*, or 'facility delivery' for short, is the outcome variable for all analyses, and is sourced from DHS data. This variable measures whether the birth occurred at any health facility, including private and public facilities, from health posts to hospitals. Facility delivery is very closely related to being assisted by a skilled provider at birth: 95% of births in a health facility were delivered by a skilled birth attendant (SBA) (ie, doctor, clinical officer, or nurse/midwife), compared with only 0.7% of births occurring elsewhere.[@R17]

*The affordability barrier* is defined according to household wealth, and is coded as 1 if the mother's household was in the two poorest wealth quintiles at the time of interview, using DHS data. Since assets that characterise wealth are different in rural versus urban contexts, wealth indices were calculated separately by the author for rural and urban residents, using principal component analysis of housing infrastructure and household assets, and then merged.[@R30] This variable does not directly measure the relationship between healthcare costs and households' financial resources, neither of which are captured by available data. However, households in the two lowest wealth quintiles are more likely to struggle to afford the cost of a facility delivery. This cost was recently estimated by a study on rural Zambia as US\$29 for primary-level facilities and US\$36 for hospitals, despite the absence of formal user fees, relative to an average monthly income of US\$105 for the poorest rural residents.[@R31] Recent qualitative research shows that facility-level expectations that mothers will bring materials for the delivery constitute a social exclusion mechanism for women without sufficient access to financial resources.[@R11]

*Cognitive and psychosocial barriers* are defined according to birth order, using DHS data. Birth orders above 1 are coded as facing a cognitive barrier. KIIs confirmed conclusions from the Zambian literature that multiparous mothers are less likely to view facility delivery as necessary because of their previous childbirth experience, even though complications can arise regardless of parity.[@R32] Birth orders of 6 and above are coded as facing a psychosocial barrier in addition to the cognitive barrier. Key informants reported that women with six or more births are more likely to receive disrespectful care from nurses or midwives, which was confirmed in interviews conducted with mothers in Mansa district in 2018.[@R11] These variables only proxy for one of the many reasons why women might face cognitive or psychosocial barriers. The extent to which high birth orders result in discrimination may vary across health facilities and health workers, but such microdata are not available.

*The geographic barrier* is defined as whether the mother's DHS sampling cluster at the time of interview was further than 10 km from any health facility in the SARA census, measured as a straight-line distance. The last three National Health Strategic Plans (going back to 2006), all make explicit reference to the importance of increasing the percentage of the population living within 5 km of a health facility. However, because of the random displacement of DHS sampling clusters, I follow best practice and use a distance of 10 km for all geographically defined barriers in order to minimise the possibility of misclassification.[@R33] I use straight-line distance rather than networked distance due to the noise introduced by other factors such as cluster displacement and the lack of data on means of transport to reach the health facility. I control for the cluster's slope to partially account for the terrain and include year-month fixed effects to account for seasonality of travel time.[@R14] By construction, any health system environment that lacks geographic accessibility also lacks the availability and perceived quality of care dimensions. This 'nesting' of barriers represents the reality of how the geographic, availability and quality barriers operate: one cannot have access to a skilled birth attendant or Comprehensive Emergency Obstetric Care without geographic access to a health facility (in the context of Zambia).

*The availability barrier* is defined as whether the mother's DHS sampling cluster was further than 10 km from any health facility with a midwife, with staffing measured using SARA data. Key informants said that having a sufficient number of skilled staff was important to meet the population's need for skilled childbirth care, which has also been emphasised in the global literature.[@R36] Because SARA did not record the number of staff working in maternity care specifically, and higher-level facilities include many doctors and nurses that do not provide maternity care, I operationalised this variable to focus on midwives specifically. However, in facilities without a midwife, nurses often conduct deliveries. These facilities are still coded as having low availability, since it is assumed that a nurse is more likely to have competing demands on her time beyond delivery care, and availability pertains to the balance between the volume of need and services provided. By construction, any health system environment that lacks availability also lacks the perceived quality of care dimension.

*The perceived quality of care barrier* is defined as whether the mother's DHS sampling cluster at the time of interview was further than 10 km from any health facility with the capacity to provide Comprehensive Emergency Obstetric and Neonatal Care (CEMONC). A CEMONC facility is able to respond to all obstetric complications, including those requiring caesarean section and blood transfusion, and is thus able to save lives when complications arise in childbirth.[@R37] CEMONCs were identified in the SARA data according to whether the facility's manager reported that the facility provided all eight CEMONC signal functions. Reporting was based on the question: 'Which of the following obstetric care services does this facility provide?', combined with a list of signal functions, for example, 'parenteral administration of antibiotics' and Yes/No answers for each type of service.[@R38] Among the facilities included in this study, all facilities coded as providing CEMONC are hospitals, although only 76% of hospitals provided CEMONC. While this variable is likely to overestimate facilities' practical ability to carry out signal functions, and while quality of care goes far beyond signal functions, a CEMONC facility is more likely to be *perceived* by lay persons to provide quality care.[@R39]

Analytical strategy {#s2-4}
-------------------

This study applies an innovative method from social epidemiology---MAIHDA.[@R41] This approach has two key advantages. First, it takes into account the mean average effect of different dimensions of the health system environment on the outcome, and the distribution of the outcome within and between groups facing different types of health system environments. This allows the study to estimate the predictive power of the health system environment relative to individual and community heterogeneity.[@R42] Second, the MAIHDA approach allows for a more precise estimation of the predicted probability of facility delivery for births in each health system environment, since probabilities for rare combinations are estimated by borrowing information from the mean.[@R41] Since this method has been extensively described in other authors' publications, further technical details are provided in the [online supplementary file](#SP1){ref-type="supplementary-material"}.

In this study, MAIHDA is implemented using a binomial logistic random intercepts model. Births are nested within one of 24 mutually exclusive health system environments, defined according to all feasible combinations of the relevant dimensions or barriers ([table 3](#T3){ref-type="table"}). The number of combinations allows for the fact that some barriers cannot be experienced without others. A random intercept is specified for each of the 24 health system environments. In the baseline model, the barrier variables are only represented using random intercepts and are not included as explanatory variables: the non-random part of the model remains empty, apart from control variables where relevant. The intraclass correlation coefficient (ICC) calculates the percentage of the total variance attributable to the health system environment, relative to individual-level variance (and community-level variance, where relevant). The higher the ICC, the more accurately the health system environment as a whole can predict who will and who will not access a facility delivery.

###### 

Predicted probability of facility delivery for women facing different health system environments, Zambia 2013--14

  \#   Births N   Births\* %   Barriers N   Affor   Cogn   Psyc   Geog   Avail   Qual   Pred prob   CI
  ---- ---------- ------------ ------------ ------- ------ ------ ------ ------- ------ ----------- --------------
  1    214        6            6            Yes     Yes    Yes    Yes    Yes     Yes    0.41        0.34 to 0.48
  2    271        8            5            Yes     Yes    No     Yes    Yes     Yes    0.42        0.35 to 0.48
  3    90         3            4            No      Yes    No     Yes    Yes     Yes    0.49        0.39 to 0.60
  4    67         2            5            No      Yes    Yes    Yes    Yes     Yes    0.52        0.40 to 0.64
  5    160        5            5            Yes     Yes    Yes    No     Yes     Yes    0.52        0.44 to 0.60
  6    230        7            4            Yes     Yes    No     No     Yes     Yes    0.60        0.53 to 0.66
  7    75         2            4            Yes     No     No     Yes    Yes     Yes    0.60        0.49 to 0.71
  8    47         1            4            No      Yes    Yes    No     Yes     Yes    0.64        0.49 to 0.78
  9    105        3            4            Yes     Yes    Yes    No     No      Yes    0.66        0.56 to 0.75
  10   59         2            3            Yes     Yes    Yes    No     No      No     0.66        0.54 to 0.78
  11   22         1            3            No      No     No     Yes    Yes     Yes    0.67        0.48 to 0.84
  12   71         2            3            No      Yes    Yes    No     No      Yes    0.72        0.61 to 0.83
  13   225        6            3            Yes     Yes    No     No     No      Yes    0.72        0.66 to 0.79
  14   64         2            3            Yes     No     No     No     Yes     Yes    0.78        0.68 to 0.88
  15   62         2            2            Yes     No     No     No     No      Yes    0.82        0.72 to 0.91
  16   154        4            2            Yes     Yes    No     No     No      No     0.82        0.76 to 0.88
  17   153        4            2            No      Yes    No     No     No      Yes    0.83        0.77 to 0.89
  18   29         1            2            No      No     No     No     Yes     Yes    0.84        0.72 to 0.95
  19   71         2            3            No      Yes    No     No     Yes     Yes    0.84        0.75 to 0.93
  20   155        4            2            No      Yes    Yes    No     No      No     0.86        0.80 to 0.91
  21   37         1            1            Yes     No     No     No     No      No     0.90        0.80 to 0.98
  22   758        22           1            No      Yes    No     No     No      No     0.93        0.91 to 0.95
  23   299        9            0            No      No     No     No     No      No     0.94        0.92 to 0.97
  24   55         2            1            No      No     No     No     No      Yes    0.96        0.91 to 1.00

\*% of births is unweighted.

Affor, affordability barrier; Avail, availability barrier; CI, 95% Bayesian credible intervals; Cogn, cognitive barrier; Geog, geographic barrier; Psych, psychosocial barrier; Qual, quality barrier.

I then explore which dimensions of the health system environment have stronger discriminatory accuracy by comparing the ICC of the environments' random intercepts in an otherwise empty model (described above) versus a range of models that also include the barrier variables in the non-random part of the model.[@R16] Once the variable for a given barrier is included in the non-random part of the model, the variance of the environments' random intercepts no longer captures the additive effect of that barrier variable, and is reduced. The larger the proportional difference between the random intercepts' variance in the two models, the more discriminatory accuracy that dimension or barrier has. I estimate all models using Bayesian Markov Chain Monte Carlo methods, as recommended in the MAIHDA literature (see [online supplementary file](#SP1){ref-type="supplementary-material"} for details).[@R41] Bayesian statistics do not produce frequentist measures of statistical significance, such as t-statistics and P-values. Uncertainty is communicated using 95% Bayesian credible intervals: there is a 95% probability that the parameter of interest is contained with the credible interval.

I include an additional, cross-classified random intercept at the DHS sampling cluster level in sensitivity analyses. This allows for a better estimate of the uncertainty of point estimates, by accounting for the fact that births within mothers and mothers within clusters are likely to be more similar to each other than to births from different mothers or in different clusters. This random effect also represents community-level heterogeneity, which is of substantive interest. In order for the model to accurately partition the variance between the two cross-classified random effects, there must be a sufficient degree of interpenetration between membership of the community (cluster) and membership of the health system environment. While the geographic, availability and quality of care dimensions do not vary by cluster, the other three dimensions do, making a total of six potential health system environments within each cluster. According to Vassallo *et al*,[@R45] this is a sufficient level of interpenetration between levels. Where a cluster-level random intercept is included, the calculation of the ICC includes the variance of this new random intercept in the denominator. I also include individual-level control variables shown to be associated with facility delivery[@R8]: marital status (a dummy for being married), educational achievement (a dummy for having reached secondary school or above) and age of the mother at birth (continuous variable in years). Other controls are related to the distance barrier: how steep the terrain of the sampling cluster is, and seasonality of time of birth (fixed effects for month-year of birth). I do not include rural-urban residence as a control variable because it is collinear with the quality of care barrier.

Limitations {#s2-5}
-----------

This analysis presents a number of limitations. Some of the variables chosen to measure each dimension measure only one part of that concept, leaving other parts unaddressed. This is particularly true for the cognitive and psychosocial dimensions. This limitation is the corollary of building a parsimonious model with a sufficient number of combinations to allow the variance of the environments' random effects to be reliably estimated, while allowing for few enough environments to predict probabilities for each environment accurately. This limitation was partly addressed by drawing on a literature review and primary qualitative research to operationalise variables for the Zambian context, in order to maximise the legitimacy and contextual relevance of the variables chosen.

The variance of the random effects may be capturing the influence of omitted variables correlated both with the environment and the outcome variable. Control variables and cluster-level random effects were included in the model in order to partially address this bias. The theoretical grounding of the model also addresses this limitation, by guiding the inclusion of all major dimensions of accessibility in a single model. Only one major dimension could not be included due to lack of data: administrative accessibility.

DHS clusters are randomly displaced to maintain participant confidentiality. Some births will have been mistakenly classified as suffering from the geographic, availability or quality barriers when they did not, and vice versa. The direction of this bias cannot be predicted. In order to partially address this issue, I define distance-related variables at the 10 km level.[@R33]

Patientand public involvement {#s2-6}
-----------------------------

There were no funds or time allocated for patient and public involvement in this doctoral study, such that I was unable to involve the public. However, the views of women who had recently given birth in the Zambian health system were collected, analysed and separately published as part of the same research project.

Results {#s3}
=======

In this section, I investigate whether the health system environment is predictive of facility delivery. Conditional on this result, I explore which health system environments predict particularly low access. Finally, I examine whether there are aspects of the health system environment that are more predictive than others, and which dimensions are particularly important.

Discriminatory accuracy of the health system environment {#s3-1}
--------------------------------------------------------

In the most robust model, which operationalises barriers using 10 km variables, controls for confounders and accounts for community heterogeneity, 25% of the total variance in facility delivery is explained by the variance between health system environments (model 3, [table 4](#T4){ref-type="table"}). The variance in facility delivery between births facing different health system environments is estimated at 1.56 (for which the 95% Bayesian credible intervals do not include zero). This is larger than the variance in facility delivery between 'communities' (operationalised according to DHS sampling clusters), estimated at 1.30. The remainder of the variance is that between individuals, which is fixed at 3.29 for binomial logistic models.

###### 

Intraclass correlations for health system environments, Zambia 2013--14

  --------------------------------------------------------------------------------
                              No controls\     No controls\      With controls\
                              No cluster RE    With cluster RE   With cluster RE
  --------------------------- ---------------- ----------------- -----------------
  **10 km variables**         **(1)**          **(2)**           **(3)**

  ICC HS environments         27%              27%               25%

  ICC components:                                                 

   Variance HS environments   1.20\            1.59\             1.56\
                              (0.50 to 2.10)   (0.62 to 2.82)    (0.56 to 2.83)

   Variance communities       NA               1.10\             1.30\
                                               (0.72 to 1.51)    (0.85 to 1.78)

   Variance individuals       3.29             3.29              3.29

  **5 km variables**          **(4)**          **(5)**           **(6)**

  ICC HS environments         26%              25%               22%

  ICC components:                                                 

   Variance HS environments   1.13\            1.50\             1.36\
                              (0.48 to 1.96)   (0.58 to 2.65)    (0.48 to 2.46)

   Variance communities       NA               1.22\             1.43\
                                               (0.83 to 1.66)    (0.95 to 1.93)

   Variance individuals       3.29             3.29              3.29
  --------------------------------------------------------------------------------

The ICC indicates the proportion of the variance in facility delivery that can be explained by the variance between HS environments, controlling for confounders and accounting for clustering within DHS sample clusters. Individual-level variance is set at 3.29 for binomial logistic models (95% Bayesian credible intervals in parentheses).

Controls: mothers' age at birth, married, secondary school or higher, cluster slope, month-year fixed effects.

Cluster RE model also includes a cross-classified random intercept for DHS sampling clusters in addition to the environments' random intercepts.

5 km variables: geographic, availability and quality variables defined at the 5 km level---others defined as normal.

10 km variables: geographic, availability and quality variables defined at the 10 km level---others defined as normal.

DHS, Demographic Health Survey; HS, health system; ICC, intraclass correlation coefficient; NA, not available; RE, random effects.

An ICC of 25% represents a high level of discriminatory accuracy, or predictive power: Axelsson Fisk *et al*,[@R16] drawing on cut-offs used in psychometric test reliability assessments, suggest that an ICC of 20%--30% is 'very good', while Merlo *et al* [@R10] state that 20--30 points to 'fairly large' differences between groups.

Which health system environments predict low facility delivery? {#s3-2}
---------------------------------------------------------------

Results show that 91% of the sample face health system environments with at least one barrier, while 6% of the sample live in a health system environment where all six barriers are present ([table 3](#T3){ref-type="table"}, unweighted). There are wide disparities in the probability of accessing a facility delivery depending on the health system environment. Unsurprisingly, women living in a health system environment with all six barriers have the lowest chance of giving birth in a health facility (41% probability), while women facing an environment with no barriers have a 94% probability of doing so. All births facing four barriers or more (combinations \#1--\#9; 37% of the sample) have a predicted probability of facility delivery that is below average (73.9% in the study sample, unweighted) ([table 3](#T3){ref-type="table"}).

With some exceptions, health system environments with fewer barriers have a higher predicted probability of facility delivery than environments with a greater number of barriers. Exceptions are likely explained by the uncertainty of the point estimates, described by the credible intervals in the right-most column, as well as the particularly strong contributions of some barriers (eg, geographic accessibility). In general, there are larger disparities between health system environments where the number of barriers is different, compared with disparities between health system environments with the same number of barriers but where the specific barriers faced are different.

Do some aspects of the health system environment matter more? {#s3-3}
-------------------------------------------------------------

The analysis presented above allows policy-makers to accurately identify population groups that are particularly at risk of not giving birth in a health facility. As a next step, investigating whether specific dimensions of the health system environment are particularly predictive of facility delivery could help policy-makers prioritise these dimensions for improvement.

The inclusion of the affordability, cognitive and psychosocial dimensions in the non-random part of the model (in separate models) reduces the variance of the environments' random effects by 15% or less (models 2--4, [table 5](#T5){ref-type="table"}), compared with 47% or more for the geographic, availability and quality barriers (models 5--7, [table 5](#T5){ref-type="table"}). The greater predictive power of these last three dimensions is confirmed by comparing the change in the variance when the first three barriers are all included in the non-random part of the model (a change of −27%) (model 8, [table 5](#T5){ref-type="table"}), relative to when the last three barriers are all included (a change of −74%) (model 9, [table 5](#T5){ref-type="table"}).

###### 

Comparing the discriminatory accuracy of different dimensions within the health system environment using the proportional change in variance, Zambia 2013--14 (binomial logistic random intercepts model)

  -----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
  Facility delivery           \(1\)             \(2\)            \(3\)            \(4\)           \(5\)           \(6\)            \(7\)            \(8\)            \(9\)
  --------------------------- ----------------- ---------------- ---------------- --------------- --------------- ---------------- ---------------- ---------------- ----------------
  ICC                         25%               23%              22%              25%             14%             13%              15%              20%              8%

  PCV                         Reference model   −12%             −15%             −4%             −52%            −54%             −47%             −27%             −74%

  Variance: HS environments   1.6               1.4              1.3              1.5             0.7             0.7              0.8              1.1              0.4

                              (0.6 to 2.8)      (0.5 to 2.6)     (0.5 to 2.5)     (0.5 to 2.8)    (0.2 to 1.4)    (0.2 to 1.4)     (0.2 to 1.6)     (0.3 to 2.2)     (0.1 to 0.9)

  Variance: DHS clusters      1.3               1.3              1.3              1.3             1.3             1.3              1.4              1.3              1.3

                              (0.8 to 1.8)      (0.9 to 1.8)     (0.8 to 1.8)     (0.9 to 1.8)    (0.9 to 1.8)    (0.9 to 1.8)     (0.9 to 1.9)     (0.8 to 1.8)     (0.9 to 1.8)

  Additive effects\                                                                                                                                                   
  *(logit coeffs)*                                                                                                                                                   

  Afford                                        −0.8                                                                                                −0.9              

                                                (−1.9 to 0.2)                                                                                       (−1.8 to 0.1)     

  Cogn                                                           −1.2                                                                               −1.1              

                                                                 (−2.3 to −0.1)                                                                     (−2.2 to 0.1)     

  Psych                                                                           −0.9                                                              −0.3              

                                                                                  (−2 to 0.3)                                                       (−1.5 to 0.8)     

  Geog                                                                                            −2.0                                                               −1.2

                                                                                                  (−3 to −1)                                                         (−2.2 to −0.2)

  Avail                                                                                                           −1.7                                               −0.6

                                                                                                                  (−2.6 to −0.9)                                     (−2.2 to −0.2)

  Qual                                                                                                                             −1.8                              −1.0

                                                                                                                                   (−2.8 to −0.8)                    (−1.9 to −0.1)

  **Constant**                −8.7              9.2              0.5              −1.6            1.4             4.2              11.4             −0.9             4.2

                              (−17.3 to 1.5)    (−6.4 to 21.8)   (−8.6 to 10.8)   (−9.9 to 9.4)   (−6.3 to 9.8)   (−8.2 to 20.1)   (−1.4 to 23.4)   (−13.8 to 7.8)   (−5.9 to 14.1)
  -----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

Including a barrier variable in the non-random part of the model in addition to the random part ensures that the HS environments REs' variance no longer accounts for the additive effect of that variable. This analysis shows the extent to which the ICC decreases with the inclusion of each dimension. A greater decrease in the ICC (and a correspondingly large PCV) indicates that a specific barrier contributes more strongly to the HS environments' collective discriminatory accuracy. 95% Bayesian credible intervals in parentheses. Controls included in this analysis: mothers' age at birth, married, secondary school or higher, cluster slope, month-year fixed effects. The model also includes a cross-classified random intercept for DHS sampling clusters in addition to the environments' random intercept. Individual-level variance is set at 3.29.

Afford, affordability; Avail, availability; Cogn, cognitive; DHS, Demographic Health Survey; Geog, geographic; HS, health system; ICC, intraclass correlation coefficient; PCV, Proportional Change in Variance; Psych, psychosocial; Qual, quality; RE, random effects.

Discussion {#s4}
==========

This study uses geo-referenced population-level and facility-level datasets to rigorously measure the multiple dimensions of an accessible health system environment. It then uses random intercepts as part of an innovative approach, MAIHDA, to investigate whether multidimensional health system environments can reliably predict facility delivery.

This study shows that health system environments meaningfully predict which births are most or least likely to take place in a health facility in Zambia, even when controlling for common individual-level determinants and taking into account residual differences between individuals and communities facing similar health system environments. Given that the health system environment reliably organises the population into groups that are differentially likely to access facility delivery, policy-makers may want to know which types of health system environments are particularly discouraging. The predicted probabilities of facility delivery for each health system environment show clearly that the environments predicting lower levels of facility delivery are generally those characterised by a greater number of barriers. Environments with four or more barriers are particularly likely to be disadvantaged. Under a progressive universalism approach, these types of health system environments should be improved as a priority.[@R46]

The geographic, availability and quality of care dimensions are particularly predictive of access to facility delivery in Zambia. This implies that aspects of the health system environment linked to the geographic location of infrastructure, staffing and other resources required for high-quality care predicts access more strongly than exclusion linked to patients' financial resources, their parity or unaddressed misconceptions. These dimensions also 'hang together' from a common-sense (and evidence-based) perspective, since it would be ill-advised to build new health facilities without staff, drugs, equipment or infrastructure.[@R47] From a theoretical perspective, the geographical relationship between the health system and the population appears to more strongly structure who accesses healthcare than social location, which indicates implicit or explicit social exclusion within the health system. The results could also be affected by measurement limitations. Data constraints meant that the affordability, cognitive and psychosocial dimensions were crudely measured using individual characteristics that we know tend to be discriminated against by the existing health system, rather than data on geographic proximity to discriminating providers or facilities.

This study's results are consistent with Gabrysch *et al*,[@R12] who analyse the average and independent effect of distance and quality of care barriers (which is defined to include staffing) on facility delivery in Zambia in 2002--07, controlling for household wealth and birth order, among other confounders. The authors conclude that under a causal interpretation, ensuring that all women live within 5 km of a basic emergency obstetric care facility with appropriate staffing would reduce the proportion of home deliveries by a greater extent than if all households were in the richest wealth quintile.

The health system environments defined in this paper reflect a relational and multidimensional view of the context of health inequalities, linking health system resources, the geographic distribution of these resources relative to the population and the overt or implicit social exclusion of women inhabiting certain social locations. This frame encourages policy-makers to ask new questions in their efforts to address disparities: *Where* to build new facilities or send additional midwives, drugs and equipment? *Which* groups are still unable to afford a facility delivery even after the abolition of user fees? *Which* groups' misconceptions remain unaddressed by health education? *Which* groups experience discrimination within the health system? By linking geographic and social locations, health system and patient characteristics, this study also demonstrates the contribution that social epidemiology can bring to health policy. The framework adopted in this paper is strongly influenced by ecosocial theory, which links multiple levels of analysis to enhance our understanding of health inequities,[@R48] while the MAIHDA methodology has been developed within the field of (intersectional) social epidemiology.[@R42]

Gathering additional data on the cognitive and psychosocial dimensions would improve the reliability of future analyses. In the Zambian context, this could involve gathering data on how maternal health information is understood and interpreted by women and their families and on stigmatising staff attitudes. Further research with important implications for equity could build on this study to explore the extent to which inequalities defined by a range of demographic characteristics (eg, high vs low education; rural vs urban residence) are explained by the different dimensions of the health system environment, using decomposition methods.[@R49] While this study focuses on healthcare access, the approach used in this paper could be extended to study inequalities in health(care) outcomes or well-being. In contrast with healthcare access, social location might prove more important in driving these other types of inequalities, because of the social nature of healthcare interactions.[@R50]

Conclusion {#s5}
==========

Health system environments, defined according to the geographic and social locations of health system resources and the populations they serve, can meaningfully predict which births will take place in health facilities and which ones will not. This approach generates important information for policy-makers or activists seeking to reduce disparities in maternal healthcare access. Findings identified the worst health system environments, where resources could be disproportionately invested under a progressive universalism approach. Specific dimensions of the health system environment, that is, geographic accessibility, availability and perceived quality of care, were identified as having particularly strong discriminatory accuracy and should be considered a priority for policies aiming to reduce maternal healthcare inequalities in Zambia.
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